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Introduction
Periodontal disease is a major oral disease, which threatens the oral health of humans 1) . This disease can result in missing teeth, including the destruction of the connective tissue and supporting bone 2, 3) . Dental biofilm is an important etiologic factor of periodontitis 4) . Dental biofilm contains various types of microorganisms, which Socransky et al. classified by potential pathogenicity 5, 6) . Generally, the proportion of anaerobic Gramnegative bacteria is important regarding the development of periodontitis 7, 8) .
Generally, missing teeth can be a useful marker of past and current periodontal disease 9) . There is no prior study regarding the relationship between the number of missing teeth and periodontal pathogen as a covariate. Although some researchers used the number of missing teeth as a covariate or outcome variable, these studies did not consider periodontal pathogens [10] [11] [12] .
The convolutional neural network (CNN) is a form of deep learning, and can be used as an image classification tool through learning of characteristic features 13) . Recently, the CNN model was also used in a cross-sectional study, which should use logistic regression or multivariable linear regression (MLR) 14, 15) .
A recent article in the 2017 world workshop on the classification of periodontal and peri-Implant diseases and conditions, which redefines the stages of periodontal disease, suggests that tooth loss is a major component of periodontal disease 16) . Using this information, the tooth loss was considered as a powerful risk factor, a research has been published to predict future tooth loss by stages of periodontal disease 17) . Long-term followup over 10 years of this study resulted in a significant increase in the risk of tooth loss at higher stages of periodontal disease.
In addition, many studies have investigated tooth loss as a risk factor for cardiovascular disease, metabolic syndrome, and cognitive impairment [18] [19] [20] . In many respects, tooth loss affects not only oral health, but also systemic disease, and is a risk factor to watch out for.
The first aim of this study is to determine if the number of tooth loss can be predicted by periodontal disease pathogen.
The second aim is to assess whether deep learning is a better way of predicting the number of teeth lost than MLR.
Materials and Methods

Subjects
This study was approved by the institutional review board of the School of Dentistry, Seoul National University, Seoul, Korea (IRB number S-D20170023), and was carried out at the Hadan Goodwill Dental Hospital, Busan.
We collected the data by searching the patient's initial medical record. A total of 1,017 subjects were selected, who visited as new patients from August 1 to December 30, 2017. All patients were asked of demographic information and systemic diseases such as age, sex, smoking, number of cigarettes per a day, hypertension, diabetes mellitus, heart disease, and lung disease.
A treatment plan was established for all patients when patients visited, and the number of planned tooth extractions was recorded without considering wisdom teeth. The number of miss-ing teeth was counted using oral examination of medical chart without wisdom teeth. Microbiologic analyses were performed to measure the risk of periodontitis using real-time PCR. Finally, a total of 960 participants (456 men and 504 women) were included, excluding patients who refused microbiologic analyses.
Measurements
Participants' saliva specimens were collected after 30 sec- Biosystems, Life Technologies Inc., Carlsbad, CA, USA). Standard curves were used to convert cycle threshold (Ct) scores into the number of bacterial cells using samples with known amounts of bacterial-specific DNA. DNA was 10-fold serially diluted from 10 0 to 10 5 copies and subjected to real-time PCR to create a standard curve by plotting threshold cycles against the copy number of the plasmid DNA as previously described.
Statistical analysis
Data was divided into training set and test set categories.
The training set is the data for training a model and the test set is data to verify the performance of the model. A randomization sequence was generated using the RAND function in Excel (Microsoft Corporation, Redmond, WA, USA), and used to divide the full dataset (N=960) into a training set (N=658) and a test set (N=302). Data analysis was performed by SPSS software version 23.0 (IBM Co., Armonk, NY, USA). Significance was determined at a=0.05 for all tests. Each variable between the test set and training set was analyzed by a Chi-square test for non-continuous variables and an independent samples t-test. After adjusting for demographic factors, systemic diseases, and the number of bacteria by species, MLR was used for estimating the number of missing teeth in the training set. Four multi-variable regression models were designed to analyze influences of each group of covariates as follows: model 1 has covariates that are essential for periodontitis prediction, such as age, sex, smoking, diabetes, hypertension, and red and orange complex; model 2 adds yellow complexes to caries-related bacteria and total bacterial load; model 3 adds smoking parameters that ignore multiple collinearity that should not be used in linear regression analysis, and adds less reliable heart and lung disease questionnaires; model 4 adds up to the tooth that was planned for extraction.
Using constants and intercept calculated by MLR, the accuracy rate was calculated within a margin of error (-1<x<1) in the training set.
A CNN was used in the deep learning model. This study 
Results
The demographic information of the study population is shown in Table 1 . A total of 960 participants, 456 males (47.5%) and 504 females (52.5%), were included in this study. The mean number of missing teeth was 1.22±2.88 and mean number of planned tooth extraction was 0.23±1.25. The number of nonsmoker was 773 (80.5%), and those who had diabetes mellitus numbered 25 (2.6%). There was no significant difference between the training set (N=658) and test set (N=302) for any variable.
In the multi-variable linear regression, the number of missing teeth was significantly associated with age and hypertension. Porphyromonas gingivalis also showed significant association with the number of missing teeth, except for Model 4 ( Table 2 ).
The accuracy of predicting the number of missing teeth was evaluated and compared between the CNN and MLR approaches. The accuracy of the CNN method was 65.0% in Model 1, which increased to 70.2% in Model 4 ( Table 3 ). The accuracy of the MLR was about 50.0% in all models. The MSE of the CNN method was significantly smaller than the MLR.
Discussion
This cross-sectional study assessed the relationship between the number of missing teeth and periodontal pathogens in saliva using deep learning compared to MLR. The study was unique in that CNN was used in the analysis of a cross-sectional study, not in the analysis of the image. Generally, CNN was investigated as a diagnostic accuracy tool using a medical image such as a radiograph 15, 22, 23) . The results showed that the CNN model had higher accuracy for the prediction of missing teeth than the MLR model. The second limitation of this study was the number of participants. The number of participants in this study was 960. For the deep learning analysis, all data require labelling. Especially in this research area, dental professionals should label data by themselves. Therefore, it was difficult to increase the number of participants in this study. Considering these limitations, further prospective well-designed studies, which have more than 5,000 participants, are required.
Recently, the human microbiome has attracted attention as an emerging theme, because using only human genomic information can not solve the mechanism of disease progression 5, 27) .
Knowledge of the oral microbiome with deep learning will enable more accurate prediction of oral diseases.
Conclusions
This study shows that oral disease-related bacteria can influence the prediction of tooth loss, and the deep learning analysis method can be used more effectively than the conventional MLR method. Although the association between oral disease bacteria and lost teeth has been well documented, few studies have been conducted on predictive models using deep learning.
In future studies, prospective study design and the collection of clinical and epidemiological evidence will be needed, using a greater number of samples. This study can demonstrate the use of deep learning in research to develop predictive models of oral health.
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